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Abstract  
This paper reviews the main development of approaches to modelling urban public transit users’ route 
choice behaviour from 1960s to the present. The approaches reviewed include the early heuristic 
studies on finding the least cost transit route and all-or-nothing transit assignment, the bus common 
line problem and corresponding network representation methods, the disaggregate discrete choice 
models which are based on random utility maximization assumptions, the deterministic use equilibrium 
and stochastic user equilibrium transit assignment models, and the recent dynamic transit assignment 
models using either frequency or schedule based network formulation.  
 
In addition to reviewing past outcomes, this paper also gives an outlook into the possible future 
directions of modelling transit users’ route choice behaviour. Based on the comparison with the 
development of models for motorists’ route choice and traffic assignment problems in an urban road 
area, this paper points out that it is rewarding for transit route choice research to draw inspiration from 
the intellectual outcomes out of the road area. Particularly, in light of the recent advancement of 
modelling motorists’ complex road route choice behaviour, this paper advocates that the modelling 
practice of transit users’ route choice should further explore the complexities of the problem. 
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1. Introduction 
Developing urban public transit systems has become the consensus for most 
transport experts and urban planners, who want to solve the problems with urban 
passenger transport in an effective and sustainable way. Demand modelling is an 
indispensable and essential part in transit planning; furthermore, modelling transit 
users’ route choice behaviour is one of the cornerstones. This modelling work is not 
only significant but also challenging, for lots of complexities are involved from 
different sources, such as human decision-making process, transit system’s 
operation, etc. More sophisticated models have been proposed to simulate transit 
users’ route choice in the last half century, and this progress will keep its momentum 
since developing and studying public transit systems are gaining increasing attention 
all over the world. Therefore, this paper aims to review the main development of 
modelling transit users’ route choice behaviour and look out into the future of 
possible research directions. 
 
The review is given in the second section of this paper, which is further divided into 
four subsections according to the four key theoretical issues of transit route choice 
modelling; namely route search, crowding effects, uncertainties, and dynamics. The 
representative modelling approaches are briefly introduced there. Within the limited 
space of this paper, the primary purpose of this review is to provide a panorama of 
the development course and the underlying motivations rather than a detailed 
reference material. Following the review, the existing approaches to modelling transit 
users’ route choices are rethought in the third section. This section first makes a 
comparison of the development of user’s route choice modelling between urban 
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transit and urban road studies according to the chronological order. Concerns of 
similar theoretical issues are found in the two adjacent areas as expected, while the 
development of transit area seems to have lagged behind at each development stage 
such that further progress is needed. Then, some deficiencies of those existing 
approaches are pointed out. Section four gives an outlook into the possible further 
research directions, with an emphasis on exploring the complexities of transit users’ 
route choice behaviour. Some concluding remarks are made in section five. 
 
 
2. Review of the past outcomes 
2.1. The underpinning early studies 
2.1.1. The least-cost route: all-or-nothing assignment 
The earliest studies on urban public transit route choice problem can be found from 
the late 1960s. In the early stage, only heuristic algorithms were proposed to solve 
the transit assignment problem, where many of them represent simple treatments of 
road network assignment procedures such as the all-or-nothing assignment. The 
early methods for finding users’ routes/paths in transit networks, such as Dial (1967), 
Fearnside and Draper (1971), Le Clerq (1972), and Rapp et al. (1976), belong to the 
least-cost route finding algorithm. This type of algorithm is designed to find the 
shortest transit route with the simple assumptions on the fixed in-vehicle travel cost 
and expected travel time. It becomes the backbone of the later studies.  
 
2.1.2. Bus common line problem and solutions 
As stated by Nguyen and Pallottino (1988), a major obstacle in developing a 
passenger routing model for transit networks stems from the difficulty in modelling 
the passenger route choice behaviour at a transit stop shared by several competitive 
transit lines. Since there may be more than one line passing through a transit link, 
passengers can choose between boarding the arriving vehicle and waiting for the 
vehicle of another express line to minimize their total travel time. So, the waiting time 
for boarding a line is probabilistic, and there may be more than one minimum cost 
path for each origin/destination pair. This is known as the “bus common line 
problem”. 
 
Chriqui and Robillard (1975) may be the first to define explicitly the attractive set 
between two consecutive points as a subset of transit lines which minimizes the 
rider's expected travel time, i.e., the sum of the mean waiting and in-vehicle times. 
Under the simplifying assumptions of passengers’ random arrivals at the transit stop 
and the independence and headway distributions of the transit lines, that paper 
generated the optimal subset of transit lines through mathematical programming. The 
assignment of passengers to bus lines was done proportionally to the nominal 
frequencies of each common line, and the expected waiting time at the stop was 
inversely proportional to the sum of the frequencies. Gentile et al. (2005) summarised 
that the earlier works are devoted to the analysis of service regularity and to the 
waiting and boarding process. They are mainly aimed at developing realistic bus 
headway distribution and passenger waiting-time distribution. 
 
The ideas of Chriqui and Robillard are extended to general transit networks in two 
ways. First, Spiess (1984) introduced the notion of strategy, which is a choice of an 
attractive set of lines at each boarding-decision point. A strategy is defined as a set 
of coherent decision rules that allows the passenger to travel from his/her origin to 
destination, and an optimal strategy as a strategy which minimizes the passenger's 
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travel time. Strategy is later expressed in graph-theoretic language by Nguyen and 
Pallottino (1988) under the denomination of hyperpath, namely, an acyclic directed 
sub-graph connecting a given OD pair. Spiess's optimal strategy assignment model 
can be obtained directly by formulating an all-or-nothing hyperpath assignment. 
Spiess and Florian (1989) formulated a linear programming problem in the space of 
link flows to determine the probability of choice of different lines. Second, De Cea et 
al. (1988) compared the representations of a minimum cost path by itinerary, route 
and strategy, respectively. Based on a restricted notion of strategy which allows 
choices among multiple lines at a given stop only if they all share the next stop to be 
served, i.e., common route section, they proposed an alternative method of 
generating minimum cost routes and apportioned paths to different lines using a 
common route section by non-linear programming. 
 
2.2. Crowding effects and equilibrium assignment  
2.2.1. Volume dependent route attributes 
Crowding featured by overcrowded vehicles and stops/platforms in peak hours is a 
very common phenomenon for the real-world transit systems in big cities. As for the 
transit route choice problem, crowding can affect routes’ attractiveness by such 
effects as increasing discomfort in crowded vehicles, waiting passengers not being 
able to board the vehicle whose capacity has been reached by on-board passengers, 
increasing the vehicle’s dwell time at stops to let more passengers board and alight. 
These effects violate the early studies’ assumptions of ridership-independent in-
vehicle and waiting times, and can result in those models yielding incorrect outcomes 
in application of overcrowded transit networks. In early studies, Last and Leak (1976) 
considered transit vehicle capacity. However, their model seems suitable only for 
radial networks. Gendreau (1984) attempted to incorporate the congestion effects on 
the passenger distribution and waiting times at bus stops, based on a complicated 
bulk queue model describing the waiting process. That can be seen as the first to 
formulate a general transit assignment model with congestion. 
 
2.2.2. Deterministic user equilibrium models 
Considering volume dependent travel time (i.e., the congestion effects on roads) 
Wardrop (1952) defined the classic user equilibrium (UE) in a traffic network as the 
state in which no traveller can reduce his/her travelling time solely by changing route. 
The travellers are assumed to perceive the real and identical travel time of the same 
route. Thus, UE models are deterministic in terms of route perception, and also 
named deterministic user equilibrium (DUE) models. The mathematical programming 
formulation of UE and its solving techniques were developed in 1960s and 1970s. 
Since then the DUE paradigm has been the dominant concept to represent users’ 
route choice behaviour in the traffic assignment problem. Since late 1980s DUE 
models began to be transferred into the transit assignment area with modifications of 
the relationship between route’s generalised cost/time and onboard and/or waiting 
crowding. 
 
Nguyen and Pallottino (1988) considered in their hyperpath model the congestion 
aboard vehicles, where the arc discomfort travel times were functions of the arc flow 
vector and the frequencies were fixed. Spiess and Florian (1989) gave a nonlinear 
version of the optimal strategy model where the travel time of each arc was an 
increasing continuous function of its flow. De Cea and Fernandez (1993) extended 
De Cea and Fernandez (1989)’s model to heuristically incorporate the effects of 
congestion at bus stops and aboard the vehicles, leading to an asymmetric DUE 
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model, in which the notions of transit route and effective frequency were introduced.  
Based on the nonlinear model in Spiess and Florian (1989), Wu et al. (1994b) 
proposed a DUE assignment model for a crowded transit network, in which 
passengers travel according to shortest hyperpaths. Travel times as well as waiting 
times are considered to be flow dependent, but the passenger assignment is based 
on the nominal frequencies of the lines. The crowding at a transit link is described by 
the nonlinearity of the link cost function which is also assumed to be an unbounded 
increasing convex volume function in empirical formula, like that of De Cea and 
Fernandez (1993). Wu et al. (1994b) also gave the sufficient conditions for the 
existence and uniqueness of the equilibrium. Bouzaiene-Ayari et al. (1995) furthered 
the model from Wu et al. (1994a) as a variational inequality fixed-point problem in 
terms of hyperpath flows, where the frequencies are flow dependent. They proved 
the existence and uniqueness of a solution under stringent conditions. Recently, 
some progress has been made in the computations of the above mentioned transit 
DUE models (e.g., Cominetti and Correa (2001), Cepeda et al. (2006), Babazadeh 
and Aashtiani (2005) ). 
 
2.3. Modelling uncertainties: stochastic choice and equilibrium models  
2.3.1. Random utility maximization based discrete choice models 
Random utility maximization (RUM) based discrete choice models have been widely 
applied in transport demand modelling since the 1970s. The utility framework allows 
for choice determinants to be considered from both choice alternative attributes and 
decision-maker characteristics. Random utility models assume, as neoclassical 
economic theory, that the decision-maker has a perfect discrimination capability. In 
this context, however, the analyst is supposed to have incomplete information and, 
therefore, uncertainty must be taken into account. Manski (1977) identified four 
different sources of uncertainty: unobserved alternative attributes, unobserved taste 
variations, measurement errors, and proxy, or instrumental, variables. For transit 
users’ route choice, Nielsen (2000) summarised the factors which the notion of 
stochastic transit route choice encompasses: (a) Persons do not have full knowledge 
of the traffic network, which means they only choose rationally according to their 
perceived utilities. (b) Travel times along different routes may vary from day-to-day. 
(c) Different routes are often chosen for the sake of variation. (d) Different persons 
may have different preferences. 
 
According to the different assumptions of the random term’s distribution, different 
models have been proposed. In the transport area, the common used models include 
multinominal logit (MNL) model, multinominal probit (MNP) model, general extreme 
value (GEV) class of models, mixed MNL (MMNL) class of models, etc. Through 
estimating RUM based choice models, important policy related measures can be 
calculated, for example, the relative values between option attributes such as value 
of time and value of crowding, choice elasticities with respect to travel time, fare, or 
other attributes, evaluation and willingness-to-pay of service changes. Ben-Akiva and 
Lerman (1985) gave a comprehensive description of the theory and application of 
RUM discrete choice models in travel demand analysis. Different from their direct 
applications in mode choice problems, RUM choice models in transit route choice 
problems are usually incorporated in the so-called stochastic user equilibrium 
models. 
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2.3.2. Stochastic user equilibrium models  
The DUE assumption of identical and precise perception of route cost across users is 
unrealistic, when the uncertainties are taken into account. Daganzo and Sheffi (1977) 
extended DUE principle to the stochastic user equilibrium (SUE): “equilibrium is 
obtained where no traveller’s perceived cost can be reduced solely by the traveller 
changing route”. The SUE is based on the RUM route choice assumption rather than 
the deterministic one, which makes SUE paradigm more plausible. However, until the 
end of last century there has been no application of SUE models to transit 
assignment problems. 
 
Lam et al. (1999b) proposed probably the first SUE transit assignment model based 
on multinominal logit model for the crowded transit networks, together with the 
equivalent mathematical programming problem. They proved that when the transit 
link capacity constraints are reached the Lagrangian multipliers of the mathematical 
programming problem are equivalent to the equilibrium passenger overload delays in 
the crowded transit network. To resolve the problem with overlapping routes in the 
multinominal logit model caused by its independence-of-irrelevant-alternatives (IIA) 
condition, Nielsen (2000) presented a SUE transit assignment model based on the 
multinominal probit model. Lam et al. (1999a) found that the vehicle dwell time at a 
station is governed by boarding and alighting flow. Lam and Xie (2002) incorporated 
that dwell time model into a SUE transit assignment model with crowding to 
accommodate elastic transit line frequencies that were related to the passenger flows 
on transit lines, with the assumptions of fixed transit fleet size and constant in-vehicle 
travel time. Nielsen and Frederiksen (2006) proposed a SUE transit assignment 
model using the nested logit route choice model. Taking into account the unreliable 
in-vehicle travel time of a congested transit network, in common bus systems in 
particular, Yang and Lam (2006) proposed a probit-type reliability-based SUE transit 
assignment model, in which the in-vehicle travel times were stochastic and 
formulated following normal distribution. Moreover, a disutility function was used for 
considering passenger's risk-averse behaviour under unreliable transit conditions, 
which was associated with passenger travel time and its variation. Passengers were 
assumed to make route choices on the basis of minimum perceived disutility of 
routes rather than the traditional minimum perceived travel time.  
 
2.4. Dynamics of transit users’ route choice behaviour 
The static transit assignment models are usually used for strategic and long-term 
transit planning, whereas many urban transit systems are reported to have peak 
loading. As criticised by Schmoeker et al. (2008), the static approach does not reveal 
this bottleneck induced crowding problem, for the static models are unable to take 
into account peaks of loads on vehicles that can occur inside the reference period. 
Even worse, the use of a constant average rate of user arrivals at stops could lead to 
relevant errors in vehicle load calculations, when this rate changes significantly 
during the period of analysis. Therefore, the dynamic transit assignment has been 
proposed in the last decade.  
 
2.4.1. Frequency and schedule based network formulations  
The formulations of transit networks for dynamic models can be classified into two 
groups, i.e., frequency/headway based formulation and schedule/timetable based 
formulation. While most static models employ frequency based approach, majority of 
the recent dynamic models are built on a schedule based network. 
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The frequency based approach considers services in terms of transit lines. In this 
case scheduled times are not considered explicitly, but are referred via the line 
headway, or to its reciprocal, frequency. In a frequency based network, each transit 
line is assumed to operate on a constant headway and the travel time along a link is 
determined by a volume/delay function. It is a static model, which is often used for 
the strategic and long-run transit planning. The schedule-based approach models 
services in terms of runs, using the real vehicle arrival/departure times to obtain 
attributes that can be explicitly considered in run choice. This approach allows 
account to be taken for the evolution over time of both supply and demand, as well 
as run loads and level of service attributes. The inherent advantage of schedule 
based models, as stated by Nguyen et al. (2001), is that they always consider 
dynamic effects and allow tracking the time at which passengers pass each node on 
their way from their origin to destination. They are suitable for dynamic network 
description, time-dependent minimum itineraries, and dynamic network loading 
procedure.  
 
Traditionally, transit assignment has been performed using a frequency-based 
approach, for which there seem to be two main reasons. First, this approach requires 
less detailed input data. Second, the bus common line problem can be handled more 
easily by the frequency based approach. However, these two advantages appear to 
become not that attractive or even inappropriate to today’s reality. On one hand, with 
the recent rapid advancement in information technology and computing equipment, it 
is now possible to use schedule-based models for larger networks and/or for 
networks with a high density of services. On the other hand, or more importantly, the 
high regularity and the information-rich environment of today’s transit system have 
led to some changes in passengers’ route choice behaviour, which makes the 
frequency based approach unsuitable for the transit system simulation based on new 
models of route choice behaviour for bus common line problem (Nguyen et al., 2001; 
Nuzzolo et al., 2001).  
 
As summarised by Poon et al. (2004), the schedule based networks can be 
formulated in various ways: Moller-Pedersen (1999) used the dual graph 
representation proposed by Anez et al. (1996). Tong and Wong (1999) used a 
traditional forward star network formulation with the line schedule information 
appended to the transit arcs. Nguyen et al. (2001) used a discrete space–time graph 
with space–time nodes and space–time arcs. Associated with each transit node is a 
bipartite sub-graph that uses different arc types to distinguish between four different 
types of activities occurring at a transit station: (a) boarding; (b) leaving; (c) 
transferring; or (d) stationary in the vehicle. Nuzzolo et al. (2001) used a diachronic 
graph consisting of three sub-graphs: (a) a service sub-graph to define each run of 
each transit line; (b) a demand sub-graph to represent the O–D demand discretized 
into time segments; and (c) an access/egress sub-graph to connect the demand from 
time–space centroids to time–space transit nodes. 
 
2.4.2. Within-day and day-to-day dynamics  
By splitting an O-D demand matrix over a time period (e.g., one day) into a set of 
matrices of respective shorter sub-periods (e.g., hours), time dependent demand can 
be obtained. Then, through increment loading of the time dependent demand, the 
dynamics of a transit network over a time period can be simulated. Based on this 
basic methodology of simulating within-day dynamics, variations in several 
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dimensions have been conducted to better model the real-life phenomena: First, 
dynamic transit services can be simulated, particularly in schedule based network 
models. Second, passengers’ departure time adjustments over days can be 
considered. Third, passengers’ route changes over days can be simulated. Last, 
passengers’ route choice behaviour in the presence of ITS information is able to be 
incorporated in the dynamic framework. The passenger’s departure time and/or route 
changes over days are often named day-to-day dynamics. 
 
Tong and Wong (1999), using a schedule based network, proposed a within-day 
dynamic transit assignment model. Nuzzolo and Russo (1998) developed stochastic 
within-day dynamic route choice models for regular and irregular high-frequency 
services, with or without information systems to users at stops. Nuzzolo et al. (2001) 
modified those models by taking into account explicitly the within-day and day-to-day 
variations of services and user choices, thus named it a doubly dynamic schedule-
based assignment model, in which a discomfort factor in the generalized cost 
function was used to account for the in-vehicle crowding. Nguyen et al. (2001) 
proposed a graph-theoretic framework for the passenger assignment problem that 
encompassed simultaneously the departure time and route choice dimensions. The 
capacity constraint was considered through a penalty cost function that was 
dependent on the numbers of onboard and waiting passengers. Poon et al. (2004) 
presented a model and algorithm for solving the equilibrium assignment problem in a 
crowded, dynamic and schedule-based transit network. Schmoeker et al. (2008) 
proposed a frequency-based within-day dynamic transit assignment model. 
Hamdouch and Lawphongpanich (2008) put forward a user equilibrium transit 
assignment model that took into account transit schedules and individual vehicle 
capacities explicitly. The model assumed that passengers use travel strategies that 
can be adaptive over time.  
 
Huang et al. (2004) introduced a crowding cost function for modelling urban mass 
transit services. Passenger were assumed to make a trade-off between increasing 
crowding cost from travelling closer to the peak hour and the reduced early/late 
arrival penalty cost at workplaces in determining their optimal departure times. Using 
this function, Huang et al. (2004) developed an equilibrium departure time choice 
model for an urban mass transit system with a single origin and a single destination. 
Tian et al. (2007) analysed the equilibrium properties of the morning peak period 
commuting pattern on a many-to-one transit system with in-vehicle crowding effect 
and schedule delay cost in a mono-centric city. Commuters are assumed to choose 
their optimal time-of-use decision from various stations/home locations to a single 
destination/workplace by trading off the travel time and crowding cost against the 
schedule delay cost.  
 
 
3. Rethinking the existing approaches 
3.1. Comparison of users’ route choice modelling between transit and road areas  
As an adjacent research area, modelling urban road motorists’ route choice 
behaviour shares quite a few common theoretical issues with its counterpart in the 
urban transit area. Moreover, as the backbone of the conventional urban transport 
planning, demand modelling, particularly route choice modelling, in the urban road 
area has been attracting a large amount of research resources and producing fruitful 
intellectual outcomes with a huge and still increasing body of literature since the 
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1950s. Therefore, a comparison of users’ route choice modelling between transit and 
road areas could be expected to provide some enlightening insights into the future 
directions of modelling transit users’ route choice. 
 
Table 1 and table 2 outline the evolutions of modelling users’ route choice behaviour 
in urban road and transit networks, respectively. For ease of comparison, the two 
tables use the same format to introduce respective main approaches of two areas by 
four items, namely time period of being proposed, commonly cited name, key 
theoretical issues of concern, and the general category. 
 
Table 1: Evolution of modelling urban road motorist’s route choice behaviour  
Times Approaches Issues Categories 
1950s all-or –nothing assignment 
 
finding the least 
cost route  
static traffic 
assignment  
1960s deterministic user equilibrium 
assignment 
 
volume dependent 
route attributes, 
congestion effects 
1970s random utility maximization 
based discrete choice models 
 
uncertainties in 
modelling motorists’ 
behaviour  
1980s 
 
stochastic user equilibrium 
assignment 
 
uncertainties and 
congestion effects 
1990s assigning time dependent 
demand matrices 
temporal variation of 
demand  
dynamic traffic 
assignment  
within –day dynamic models increment loading 
day-to-day dynamic  models daily route change, 
departure time 
adjustment 
2000s descriptive behaviour models review normative 
model assumptions 
non-RUM 
based models 
of choice 
decision-
making  
 
 
 
users’ 
adaptation/learning 
process 
Information effects 
dynamic stochastic process 
models 
non-equilibrium, 
multi-equilibrium 
phenomena  
complex 
network traffic 
assignment 
simulations at finer levels of 
temporal and/or spatial 
granularity 
system complexities 
emerging from self-
organisation 
behaviour 
computing techniques from 
artificial intelligence studies 
new possibilities of 
modelling 
uncertainty and 
complexity  
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Through comparing the two tables, it can be found that the transit area seems to be 
consistently lagging behind the road area at each turning point in the history of theory 
development, such as considering volume dependent effects, uncertainties, and 
dynamics. One reason might be that relatively less attention has been paid to transit 
route choice and assignment problems than to corresponding problems in the road 
area, since developing public transit systems has become a focus only recently; the 
other reason is probably that the inherent complexities of transit users’ route choice 
behaviour make the intellectual results from road area not readily transferable into 
the transit area. Notwithstanding, it is notable that each time transit route choice and 
assignment models showed a kind of “latecomer advantage”, i.e., the research in 
transit area did well in drawing lessons from road area and caught up fairly quickly. 
 
Table 2: Evolution of modelling urban public transit passenger’s route choice behaviour 
Times Approaches Issues Categories 
1960s, 
1970s 
all-or –nothing assignment finding the least cost 
route 
static transit 
assignment 
1980s strategy and hyperpath bus common line 
problem common route section 
1990s deterministic user 
equilibrium assignment 
 
ridership 
dependent 
route 
attributes, 
crowding 
effects 
comfort 
dwell 
time 
random utility maximization 
based discrete choice 
models 
uncertainties 
in modelling 
passengers’ 
behaviour 
Passenger 
factors   
Network 
factors 
stochastic user equilibrium 
assignment 
uncertainties and 
crowding effects 
2000s assigning time dependent 
demand matrices 
temporal variation of 
demand 
dynamic 
transit 
assignment within –day dynamic models  increment loading 
day-to-day dynamic  models daily route change, 
departure time 
adjustment 
service frequency based 
network formulation 
Network formulation at 
different levels of details 
service schedule based 
network formulation 
 
Notably, in the urban road area there is emerging tide of studying the complexities in 
users’ behaviour and network assignment since the turn of the 21st century. These 
new approaches apply the theories and tools which are different or even at odds with 
the classical ones in respect of modelling assumptions, result interpretations, 
modelling mythology, etc. On the contrary, there seem to be few actions in the transit 
area in this direction. One exception is the study by Wahba and Shalaby (2005). 
They presented the first operational prototype of an innovative framework for the 
transit assignment problem, which was structured in a multi-agent way and inspired 
by a learning-based approach. Individual passengers were modelled to adjust their 
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behaviour, i.e., departure time and route choice, according to their accumulated 
experience with transit system performance. A reinforcement learning algorithm was 
employed to represent this learning process. This study is not listed in Table 2 
because in the transit area there is not yet a relatively established academic circle 
dedicated to this kind of research, as in the road area. 
 
3.2. Deficiencies of the existing approaches 
When reviewing the emerging developments of motorists’ route choice in the urban 
road area, we find that the classical paradigms and assumptions of the traditional 
approaches are being actively scrutinized in the theoretical research frontier. The 
criticisms are mainly focusing on two aspects, namely, random utility maximization 
based choice models and user equilibrium oriented network assignment. 
 
Using normative models to describe individual choice is criticized by behavioural 
scientists. Specifically, travellers are not necessarily utility maximisers, risk averse, or 
rational learners. And it is believed that the route-choice decision-making process is 
rather a dynamic process, involving some mechanism of information acquisition and 
learning. Following the works of behavioural scientists, some criticism about the 
nature of travellers as utility maximisers and rational behaviours has been made. 
Gaerling (1993) made the observation that behavioural assumptions in travel choice 
modelling are almost always made without reference to the existing theories in the 
behavioural sciences. When reviewing the RUM models in travel demand, McFadden 
(2000) pointed out that the RUM foundation for travel demand models has been only 
lightly exploited. Models have generally conformed to the few basic qualitative 
constraints that RUM imposes, but have not gone beyond this to explore the 
structure of consumer preferences or the connections between travel behaviour and 
other consumer demand behaviour. The potentially important role of perceptions, 
ranging from classical psychophysical perception of attributes such as security and 
comfort, through psychological shaping of perceptions to reduce dissonance, to 
mental accounting for times and costs, remains largely unexplored. 
 
The traditional static network equilibrium models are developed for long range 
planning. They are not suitable for analysing and evaluating dynamic transportation 
systems which need the capability to solve problems in real time. Ridwan (2004) 
pointed out that equilibrium is not suitable for time-dependent or dynamic 
assignment, especially because it is only realistic if demand and supply 
characteristics can be safely assumed constant over a reference period of sufficient 
length with respect to the journey times of the system. As stated by Watling and 
Hazelton (2003), the traditional equilibrium approach and dynamical system 
approach are different in the fundamental basis. They are based on competing 
philosophies respectively: In traditional equilibrium models, the underlying hypothesis 
is the very notion of a market in equilibrium: a typical isolated, "self consistent" state 
of the network which, if attained, would persist under certain rational rules of 
behaviour. In the day-to-day approach, the underlying belief is in the behavioural 
dynamics, namely how the behaviour on day n is affected by behaviour and the state 
of the network on days n-1 and earlier. Watling (1999) pointed out that a traditional 
equilibrium corresponds to the point equilibrium of a suitably constructed dynamical 
system. In other words, the former is a special case of a particular state of the latter. 
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4. Outlook into the future directions 
The future directions of modelling transit users’ route choice behaviour should lie in 
following areas: to develop more descriptive route choice models that incorporate 
passengers’ dynamics in repeated choices and bounded rationality in decision-
making process, to study network assignment conditions without the assumption of 
predetermined equilibrium constraints, to link the traditional approaches to the 
possible new findings, and to employ new computing techniques and artificial 
intelligence models and/or algorithms. 
 
Developing more descriptive route choice models is no doubt the core of research. A 
possibly viable way is a mean between two extremes. As proposed by McFadden 
(2000), the standard RUM model, based on a mildly altered version of the 
economists’ standard theory of consumer behaviour that allows more sensitivity of 
perceptions and preferences to experience, augmented with stated preference, 
perception, and attitude measures that uncover more of the process by which context 
moulds choice, will increasingly become the dominant methodology for behavioural 
travel demand analysis. Considering the present lack of reliable mappings from 
experience and information to perceptions and attitudes, it would be useful to have a 
comprehensive research effort that identified the attitudes which are most relevant to 
transit route behaviour, and devised reliable methods for scaling these attitudes and 
relating them to experience. 
 
As analysed by Wahba and Shalaby (2005), transit assignment is a process of 
interactions between individual passengers and transit services. These interactions 
are in both directions; the execution of route choices leads to crowding, yet the 
expectation of crowding influences choices, and such interactions cannot be 
overlooked. In reality, this cyclical process manifests itself through a feedback 
mechanism, which is ignored in the traditional equilibrium paradigm. However in the 
road area, as stated by Watling (1999) a number of traffic assignment models 
developed in the recent years as models in their own right, rather than as a means of 
exploring equilibrium. The researchers today work more intensively on the 
specification of complex models of behaviour and traffic movement. Among them, 
two typical approaches are often employed: dynamic process modelling and multi-
agent-based simulation. These could also be considered as directions for transit 
research. 
 
The dynamical system may be explicitly simulated without any a priori understanding 
of system behaviour, so there seems to be no natural motivation for a theoretical 
analysis of its properties as in equilibrium analysis. However, the interpretation of the 
outputs of such models is potentially the most demanding stage. The limiting 
behaviour includes not only point equilibriums, but also periodic and aperiodic 
motion, and different such behaviours may be approached from different initial 
conditions. Furthermore, given the many years of theory and practice in conventional 
equilibrium analysis, it seems unreasonable to discard all past knowledge. 
Understanding the link between the dynamical systems and equilibrium approaches 
is a key area for research (Watling, 1999).There are many important links between 
the two approaches, and much can be learnt from the relationships between these 
apparently competing approaches  (Watling and Hazelton, 2003).  
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5. Concluding remarks 
This paper has attempted to review the main development of approaches to 
modelling urban public transit users’ route choice behaviour. Emphasis has been put 
on such theoretical issues as the bus common line problem, crowding effects, 
uncertainties, and dynamic transit assignment. Landmark approaches catering for 
these issues have been briefly introduced. On the other hand, through a comparison 
analysis on modelling users’ route choice between urban road and transit areas, this 
paper has also tried to rethink the existing approaches to reflect on their deficiencies 
and seek possible directions for the future research. 
 
In retrospect, it should be clear that the past outcomes have led to substantial 
improvements in our understanding of many issues that are important in modelling 
urban transit users’ route choice behaviour. To be sure, it is debatable whether these 
approaches and particular models have led or will lead to more accurate demand 
estimation in the practice of transit planning and management. Nevertheless, the 
developments in the past half century have marked considerable progress in the 
field. And they have forged a solid analytical base on which we can analyse practical 
problems and further theoretical explorations. 
 
When looking ahead, we should see that there still are quite a few issues worth 
further   research. The core is how to improve the modelling of human individuals’ 
route choice and the complex collective assignment patterns resulting from the 
individual behaviours. Given the developments of behavioural theory, more tractable 
modelling methods of complex behaviour, increasing computation power, and 
particularly, the recent trailblazing and inspiring attempts in the area of modelling 
urban road motorists’ route choice, we think it is time to explore new possibilities in 
these emerging yet promising directions. 
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